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I. Introduction
In this paper we revisit many studies that have attempted to explain the determinants of real estate capitalization rates. We introduce two new innovations. First we are able to identify two macroeconomic factors that greatly impact cap rates besides risk free treasury rates. These are the general corporate risk premium operating in the economy, and the amount of debt (liquidity) available. The addition of these factors greatly adds to the ability of previous models to explain the rise of cap rates in the early 1990s, the secular fall of cap rates in the last decade and the recent rise during the "financial crisis". In addition, we use innovative tests for "structural" shifts in the cap rate -even including all of these macro-economic factors. Our tests identify two distinct "periods" which we label "investor sentiment". These were a period of negative sentiment in 1991-1996 and a period of positive sentiment from 2002-2007. Methodologically, our analysis uses a large and robust quarterly panel data set of 30 US metropolitan areas from 1980q1 through 2007q4. We compare models not only using traditional measures of within sample "fit", but also examine how the models behave in in-sample "back test" forecasts. Our paper is organized as follows. In Section II we review the literature on cap rates as well as studies of investor sentiment. Section III details our panel data base and outlines the basic econometric model we use. We also present our results using models as they exist in the literature and then with our additional macroeconomic variables. In Section IV, we discuss a number of tests for structural shifts in cap rates. We call these periods of changing "investor sentiment". Sections V and VI compare the ability of the three models to explain changes in cap rates over the last 3 decades, both using within sample performance and in-sample back test forecasts. Section VII draws some Conclusions.
II. Background and Related Literature
The starting point of our paper is a long literature on real estate capitalization rates. A number of studies have modeled cap rates as an adjustment around equilibrium values, which are in turn are determined by real estate fundamentals such as rent levels and rental growth, as well as macro-level risk-free interest rates (see Sivitanides, Southard, Torto, and Wheaton (2001) , Hendershott and MacGregor (2005a,b) ; Chen et al, (2004) ; Chichernea et al. (2008) , Sivitanidou and Sivitanides (1999) , Shilling and Sing (2007) ). One of these studies also includes a metric for a general risk premium over the risk free rate (see Archer and Ling (1997) ). Our paper draws on this literature in order to specify what we term as a standard, literature-based model, which emphasizes these fundamentals in determining capitalization rates. We specifically draw on Sivitanides, Southard, Torto, and Wheaton (2001) for this task. A related line of inquiry asks about the "efficiency" of real estate pricing -in particular whether cap rates have the expected predictive power in explaining subsequent real estate returns (Hendershott and MacGregor (2005a,b) , Ghysels, Plazzi, and Valkanov (2007) ).
To this literature we add the idea that macro economic capital flows and the availability debt may also impact capital pricing. In the literature, there are theoretical models of asset pricing in which capital flows play an obvious role (for example Geltner et al (2007) , Wheaton (1999) ).
Empirically, some recent work on real estate returns has begun to include the dynamics of commercial real estate capital flows Naranjo (2003, 2006) as well as Fisher et al. (2007) ). These studies find that capital flows into public (securitized) markets do not predict subsequent returns, but at the same time returns affect subsequent capital flows into these real estate markets Naranjo (2003, 2006) ). Furthermore, there is evidence that lagged institutional capital flows have an effect on current returns at the aggregate level (Fisher et al. (2007) ). This paper is also related to the general finance literature in that it draws on the idea of investor sentiment from behavioral finance. This behavioral framework posits that since investors are not purely rational in their decision-making process, systemic biases in investors' beliefs will cause them to make trading decisions on non-fundamental information, which is typically referred to as sentiment. Specifically, Baker and Wurgler (2007) offer a definition of investor sentiment as a biased belief about the future growth rate of cash flows and investment risks based on the present information set. As Clayton, Ling, and Naranjo (2009) explain, this sentimentdriven mispricing of assets is further augmented by "limits to arbitrage" in that non-trivial transaction and implementation costs prevent arbitrageurs from taking fully offsetting positions to correct mispricing. These transaction costs are especially high in the real estate sector and are further exacerbated by short-selling constraints on real estate assets. The interplay between sentiment (with the attendant limitations on efficient fundamentals-based pricing) and fundamental factors, therefore, is an important determinant of real estate asset prices and must be analyzed to understand asset valuation.
In terms of short-sale constraints, Baker and Stein (2004) provide an insightful analysis of pricing under short selling limitations. Specifically, in the presence of short-selling constraints, pessimistic investors who would otherwise take short positions may sit on the sidelines, because they believe that assets are overvalued relative to fundamentals. As a result, market-clearing prices are determined on the margin by overly optimistic investors.
A related literature uses microeconomic analysis of investor psychology to explain investors' reaction to past returns and information, with the emphasis on irrational under or over-reaction tendencies. Hirshleifer (2001) , as well as Barberis and Thaler (2003) , offer comprehensive reviews of that literature. Similarly there are empirical studies of investor sentiment about stock returns. Most of these studies employ principal component analysis along with some form of sentiment proxies to ascertain the potential influence of sentiment. Papers of note include Cliff (2004, 2005) and Wurgler (2006, 2007) .
We should also note at this point the emergence of an additional thesis in macroeconomics regarding the general increase in asset prices observed in the last 10-15 years. This thesis postulates that due to the heterogeneity in countries' ability to produce financial assets for global savers, large capital flows from developing countries to developed ones have become manifest in the last 10-15 years, the process dubbed "global imbalances" (see Caballero et al (2008) ). These capital inflows, the argument goes, have tremendously increased debt availability in the US economy and have bid up asset prices across the board, including those of real estate assets. This idea is difficult to distinguish empirically from a period of "investor sentiment" and we discuss this hypothesis in the light of our estimation results and structural change tests later in the paper.
Our paper is most closely related to the recent work by Clayton, Ling, and Naranjo (2009) .
In this insightful paper, the authors use an error-correction specification to model national-level cap rate dynamics and examine the extent to which fundamentals and investor sentiment help to explain the time-series variation in national-level cap rates. They find evidence of significant impact of sentiment on pricing, even after controlling for such factors as changes in expected rental growth, risk premiums, T-bond yields, and lagged adjustment from long-run market equilibrium. Our innovation is to use a much larger panel data base, as well as incorporating a direct measure of liquidity and debt availability.
III. Data and Methodology: basic models
We begin by using two models to analyze capitalization rates. The first one is based on the approaches used in the literature so far, which emphasize local real estate fundamentals as well as an economy-level interest rate in modeling capitalization rates. The second model extends this first one by adding variables to account for an economy wide risk premiums and the general availability of debt. Both of these variables are measured for the economy as a whole -to avoid problems of endogeneity.
All of our models are estimated separately for each type of real estate (e.g. office, retail, etc.). For each we use an unbalanced panel (they contain missing values for some observations) that spans the period from 1980 q1 to 2007 q4 with quarterly data, for over 30 MSA markets (for a statistical summary of the data set, see Appendix). As a result, in spite of missing values, the dataset contains upward of 2,400 usable observations for each property type, and generates high degrees of freedom. A note on our estimation approach is warranted at this stage. All models in this paper are estimated using the fixed effects panel method (see Greene (2004) ), with White's heteroskedasticity correction for standard errors (White 1980) . The rationale behind this estimation strategy is compelling. The fixed effects panel technique allows us to use both the time-series as well as cross-sectional (between various MSA's) variation, which increases the efficiency of the OLS estimator (see Greene (2004) ) and generates better estimates of model coefficients. Furthermore, it explicitly models for the timeinvariant differences (hence the name fixed effects) in trends between the cross-sectional MSA units. This framework is consistent with theoretical expectations that market-specific unobserved characteristics will lead to permanent differences in capitalization rate trends across markets, and the fixed effects method allows us to estimate the effect of these unobservables and test for their statistical significance. Finally, the higher estimator efficiency increases the power of postestimation tests, which allows for better inferences about results. Table 1 lists all variables used in this paper as well as their sources. The statistical summary for these variables is given in the Appendix.
As can be seen from Table 1 , the Real Rent Index is the only right-hand-side variable that exhibits cross-sectional variation, with the other national macroeconomic variables being the same for each cross-sectional unit. As such, this setup prevents us from including time trends or time effects in the models, since these would cancel out the effect of national macroeconomic variables.
Standard Literature-Based Specification: Rents and Treasury Yields
The first, most basic model intends to reflect the standard approach used in the literature so far (for reference see Sivitanides, Southard, Torto, and Wheaton (2001) , on which the first specification is based). It postulates cap rates as an adjustment process around equilibrium values.
The equilibrium is determined by two sets of influences: 1) the influences of discount rate that reflect both the opportunity cost of capital and systematic market risk; (2) factors that shape investors' income growth expectations. This is in keeping with the literature, which usually uses rental fundamentals and some proxy for interest rate to explain cap rates.
As discussed above, the standard specification we use is given in (1). It is formulated so as to be comparable to more extended specifications used below. In terms of theoretical priors on the signs of coefficients, the risk free rate (RTB) is expected to have a positive effect on the cap rates. The effect of the real rent index RRI, on the other hand, is theoretically ambiguous (see Sivitanides, Southard, Torto, and Wheaton (2001)) and depends on whether investors are forward or backward-looking. In case of forward-looking expectations, high rent levels (as compared to historical means) will inform investors that the market is at the peak of the cycle, and a downward adjustment is in order, causing them to expect lower cash flows in the future. If investors possess this paradigm, RRI will have a positive effect on capitalization rates. Alternatively, if investors are backward-looking (as evidenced by Sivitanides, Southard, Torto, and Wheaton (2001) ), investors will project current rent growth into the future and will bid up asset values accordingly. This mindset implies a negative effect of the rent index on cap rates. These expectations are in line with existing literature. Finally, the MSAlevel fixed effects (dummy variables) D j account for non-varying market-specific characteristics not explicitly included in the model. Table 2 depicts estimation results for this basic model on our data set. The real T-bond coefficient has the expected positive sign across property sectors and is statistically significant.
The real rent index, the variable without an a priori sign expectation, has a statistically significant negative sign, which testifies to the backward-looking behavior of real estate investors, and is generally consistent with results in Sivitanides, Southard, Torto, and Wheaton (2001) .
The group effects test on MSA dummies yields insignificant statistics for all property types but retail, while individual tests show that some MSAs are significant, while others are not. This is in line with findings in Sivitanides, Southard, Torto, and Wheaton (2001) , indicating that some markets exhibit statistically significant differences in average cap rate levels.
Extended Model Specification: Debt Flow and Risk Premium
In this specification, we attempt to improve on the existing literature by including two new variables. The first of these is the degree of general risk aversion in the economy (and hence the associated premium demanded by investors for this risk). We measure this with a standardized corporate bond spread. The second measures the availability of debt in the economy scaled by GDP. In equilibrium asset pricing theory, the amount of debt applied to an asset should not impact its price, as risk increases commensurately. But real estate is a very illiquid asset and debt provides purchase liquidity. Thus when debt is scarce, real estate transactions are more difficult and prices might be expected to fall (cap rates rise). In addition to the rent fundaments and riskfree interest rates commonly included in standard models, these two new factors theoretically could play an important role in the determination of cap rates.
Specifically, we extend (1) with the following specification: 
The model setup is the same as in (1) with the addition of two variables SPREAD and DEBTFLOW, as well as an addition of lags to the real rent index for some property types. Details are as follows:
Same as in (1), except for now there is lag s for some property types: s -is different for various property types.
SPREAD t
Economy wide risk premium over the risk-free rate, calculated as the difference between Moody's AAA Corporate Bond Index and the 10-year T-Bond. The extended model is again estimated using fixed effects with White's heteroskedasticity correction on the same unbalanced panel sample as the one used for standard model (1). Results of estimating the extended model (2) are given in Table 3 . It is interesting that all coefficients have the expected sings and are significant across the four property types. It is furthermore of note that the addition of DEBTFLOW and SPREAD has not changed the sign or significance of the original rental index and Treasury yield variables, suggesting that these new factors are orthogonal to the original factors.
Also, in this setup the real rent index has different lags across the 4 property types, with the lag length determined by specification search on lag length with the goal of generating the highest significance level for this variable. This difference in lags across property types can be attributed to the fact that investors in different property sectors react with somewhat different dynamics in response to changes in real estate fundamentals. Finally, unlike in the case of (1), group tests on the significance of MSA's indicate group significance for all property types except multifamily 1 .
A comparison of estimation results of equation (1) and (2) show a marked improvement in the performance of the extended specification (2) vis-à-vis the standard version (1), across all property types. The extended model results in higher adjusted R squared statistics, which testifies to improved fit of the extended model (for details on goodness-of-fit see below). More importantly, however, the orthogonality and statistical significance of the additional debt and risk spread variables indicates that these two financial factors are important in determination of capitalization rates and should be included in capitalization rate models. This finding is in line with theoretical expectations that debt availability as well risk premium demanded by investors have strong effects on real estate asset pricing, and omitting these factors in cap rate models has been a major deficiency in the literature so far. As such, equation (2) offers an improvement over the existing literature on modeling capitalization rates.
IV. Investor Sentiment and Structural Change
Even with the addition of debt flow measure and risk premium, the task of explaining cap rates is not necessarily finished. While these new variables capture aspects of investor preferences and liquidity more generally, we still have no measure of investor sentiment towards real estate as an asset class. Real estate is different than financial assets, partly because of its physicality, and partly because of the leasing structures which underlie its income stream. The relationship between market rent and the income of individual properties is complicated greatly by the various leasing arrangements between tenant and landlord. Thus we might expect that over time investor preferences for these features of real estate change, and investor expectations about how real estate as an asset class will perform also change.
There is an understandable scarcity of studies looking at these effects, since ascertaining and measuring these forces is very difficult. The difficultly in deriving a measurement of investor sentiment as well as its likely gradual rate of change, make it understandably hard to incorporate in an econometric model. Hence, these factors are typically not included in standard approaches to analyzing cap rates and end up in the residuals, where of course they may generate systematic specification errors.
Our approach to estimating investor sentiment is to look for periods of systematic structural change in the parameters of our cap rate models. We examine both patterns of forecast residuals and structural changes in the individual model parameters. We test for the existence and direction of these long-term effects by utilizing a panel version of the CUSUM test for structural change, which as discussed below, is uniquely suited to this task. This approach takes the best specification so far (2) as a baseline model and assumes there are gradually changing exogenous factors, which are responsible for long-run gradual structural change in this model. CUSUM tests, based on recursive estimation, are then used to test for the existence and timing of this long-run structural change.
Structural Change Tests
Since the CUSUM tests operate only in the time dimension, they can use up degrees of freedom. Since the MSA fixed effects are often insignificant individually, we have chosen to eliminate them for the CUSUM testing. This simplified version (omitted MSA-specific fixed effects) becomes effectively a pooled OLS specification (see Greene (2004) for pooled OLS estimator)), but is otherwise identical to model (2) described above. Results for estimating this simplified benchmark model are given in Table 4 . As can be seen, all coefficients are significant and of the same sign as before and have magnitudes similar to results for (2). As such, (3) is a good benchmark model to be used with CUSUM tests. It is important to note that results for model (3) shown in Table 4 is equivalent to the last stage in recursive regressions used in tests below (since the last stage is estimated on the full sample of data). 
Having specified the baseline model (3), this model in turn is used in recursive regressionbased structural change tests. Specifically, we use the panel version of the cumulative sums test, originally developed by Brown, Durbin, and Evans (1975) . The panel version of the test follows the Maskus (1983) approach. The objective of this test is to detect statistically significant changes in the model structure by using a test statistic, which is based on recursively estimated regression residuals from the model (see Appendix for details). After performing CUSUM tests, we further extend the analysis by plotting out the path of recursive model coefficients (as well as their standard error bands). This approach looks at what variables might be responsible for structural change, or whether it is a general factor external to the model (Dinardo and Johnston (1996) ).
Intuitively, the essence of the CUSUM test (for detailed discussion and mathematical details see Appendix) is a plot of residuals from fitting a baseline model (in this case model (3)) recursively-that is adding a vector of observations corresponding to each additional period and re-estimating the whole model with the expanded dataset. Thus generated CUSUM series is plotted against a pair of lines symmetrically above and below the zero line such that the probability that the CUSUM plot will cross either line at a desired level of significance. If the plotted CUSUM series simply moves around the zero mean line, it means there is no evidence of the model structure changing over time. Alternatively, if the CUSUM series crosses either of the test lines, such as crossing would indicate statistically significant evidence (at a chosen level of significance) of structural change affecting the model. Another interesting feature is that the structural change indicated by these plots is gradual, with the CUSUM values taking a long time to reach significance bands once they start deviation from the 0 line mean. This means that models with shorter sample will not capture this gradual shift. Other tests for structural change (see Appendix for discussion of alternative tests) which are designed to detect radical shifts in relationships preceded and followed by long periods of stability (e.g. rolling dummy tests by Quandt (1960)) will not capture this dynamic either.
Before drawing conclusions as to the nature of this structural change, we graph recursivelyestimated coefficients of the model with their 2 standard error bands in Figure 2 . This is a useful technique to detect whether any structural change could be attributed to a particular variable. The interpretation of these is that if a coefficient (along with the error bands) moves radically from its previous trend, then there is structural change (Johnston (1996)). As can be seen from the graphs, the coefficients generally start out by being not significantly different from zero and then meander towards their expected statistically significant values as the recursive model picks up observations. They do not exhibit any radical shifts. This fact, coupled with the long periods of time it takes the CUSUM statistics to reach significance bands, indicates that the CUSUM profiles trace out gradually-occurring structural change that is exogenous to the model. The fact that such slowly occurring hard-to-detect structural change is present in the determination of capitalization rates is one of the main findings of this paper.
V. Comparative Analysis of Specifications
In light of these findings on the existence of gradual changes in model structure, the natural step is to extend model (2) further by explicitly accounting for structural change and test whether this model performs better in explaining capitalization rates than the previous approaches in equation (1) and (2). We accomplish this by adding a structural change dummy variable (a time dummy implying a change in the constant; see Chow (1960) 
Term yearq is the relevant structural shift dummy variable. The timing of the structural shift has been determined by maximizing the t-statistic on the dummy during the [2000] [2001] [2002] [2003] [2004] period subject to the constraint that the independent variables retain their correct signs and significance. This produced different dates for the structural breaks across property types. The exact timing of the structural change is not significant, however, since as shown by CUSUM tests this change is gradual and any single date would at any rate be arbitrary. The important condition is that the extended model includes a significant factor for structural change in the relevant time period (2000) (2001) (2002) (2003) (2004) , and this specification can in turn be used for comparison with the earlier results. Results of estimating (4) are presented in Table 5 . Table 6 offers abbreviated goodness-of-fit results for all three specification used in this paper used (equations (1), (2), and (4)) as well as Wald specification tests for the three equations.
Specifically, the specification tests are implemented as Wald tests for exclusion restrictions on the additional variables (Greene (2004) ). That is, we start with the most comprehensive model (4) and first test the null hypothesis that the coefficient a 1 on the yearq is equal to zero. Next, we test the joint exclusion restriction on the coefficients on all three variables that are not in specification
(1)-debtflow, spread, and yearq (i.e. this tests H 0 : a 1 = a 6 = a 7 =0). In this sense, equations (1) and (2) are nested with the comprehensive model (4) and the specification search can be conducted by testing these exclusion restrictions (Greene (2004) ).
As can be seen from Table 6 , the progression of specifications from (1) to (2) and to (4) at each stage produces a statistically significant increase in explanatory power of the model. This is further confirmed by the goodness of fit statistics such as the adjusted R squared. This ranking testifies to the importance of such financial factors as debt availability and risk premiums in modeling capitalization rates, as well as accounting for long-run gradual structural change induced by changing investor sentiment.
VI. Back-Tests and Forecasting Performance of Specifications
While goodness-of-fit tests utilized above are an important indicator of the relative model performance, they are not conclusive. Specifically, in a setting where lagged dependent variables are used, dynamic models customarily generate high measures of fit (for obvious reasons, including a lagged dependent variable has strong explanatory power), and it is hard to judge between the various specifications with such high measures of fit.
An alternative approach to judge the relative model performance is to construct a number of back-tests to ascertain the fit of each model and its effectiveness in explaining historical data.
Such back-tests start at a point in the past and use the equation estimated on the full historical sample to dynamically forecast the dependent variable within the sample period using historical data for the right-hand-side variables (with the exclusion of autoregressive terms such as our lagged cap rates, which use previous period's forecast; this makes it a dynamic in-sample forecast). The result of this process allows the researcher to compare the in-sample forecast to actual historical observations and judge model performance. This method has an advantage over standard measures of fit in that it allows us to judge how well the different models can replicate historical data. The emphasis our back-tests is on the ability of the various specifications to forecast the strong decline in cap rates experienced across property types (dubbed the cap rate compression) in the period from 2000-2004. Figure 3 shows the back-test results (both performance statistics and the graphs on backtest forecasts) for all 3 models used in this paper. All back tests are performed against historical cap rates by using the model estimated on the entire sample to dynamically forecast capitalization rates from 2000q4 through the end of the sample in 2007q4 using historical data for the independent variables 3 . These dynamic forecasts are performed in a panel setting, which generates a cap rate forecast for each cross-sectional MSA unit. Next, these individual MSA forecasts are dynamically weighted by real estate stock in each market to produce a national weighted average forecast 4 . Finally, this weighted national forecast is used in conjunction with the historical weighted average cap rate (also dynamically weighted by stock 3 ) to produce various forecast performance statistics reported for each model specification (details on forecast performance statistics are included in the Appendix). These statistics, together with back-test plots, allow us to judge the relative success of the three models in explaining historical capitalization rates.
As can be seen from the graphs and forecast performance statistics, the standard specification performs the worst in explaining historical capitalization rates. Specifically, the examination of the back-test plots for this model against historical data shows that the model does a poor job of explaining the cap rate compression over 2000-2007. This suggests that the current standard approach used in the literature is inadequate in explaining a major part of recent cap rate variation. On the other hand, the extended version of the model, which accounts for debt availability and economy-level risk, shows a marked improvement in explaining historical cap rates.
Finally, model (4) with structural shift terms performs the best among all three tries in this paper, although the improvement on the extended specification without structural change (2) is not as drastic as the improvement of (2) over (1), which adds the risk premium and debt availability factors. These results further confirm the findings indicated by CUSUM tests that gradually-occurring structural change due to long-term hard-to-measure factors such as investor sentiment have an important effect on the dynamics of capitalization rates. Overall, results of these in-sample back-tests confirm the model performance ranking of the previous section, once more testifying to the importance of both financial factors such as debt and risk premiums as well as investor sentiment.
VII. Conclusion
The slowly evolving pattern of structural change that is detected with the CUSUM analysis tends at least partially to follow the profile of the business cycle. There is generally a build up of "positive sentiment" until a recession -after which there is "negative sentiment". This was hypothesis. But our results support the idea that something additional was happening at that time -a true shift in real estate investor sentiment.
Our evidence of slowly occurring hard-to-detect structural change demonstrates that exogenous factors, which are not part of standard econometric models used to analyze asset pricing in general can play a crucial role in cap rate behavior. While in and of itself not offering formal proof, this finding lends credence to the additional thesis regarding changes in real estate asset pricing discussed earlier (see literature review section). Also, our findings highlight the danger of assuming no structural change when estimating cap rate models spanning long periods of time. While doing so with panels over short time periods, where most variation is of crosssectional type, might be warranted, ignoring structural change over the longer-term might result in model misspecification error and biased or inconsistent estimators. These results call for further research on the effect of long-term hard-to-measure factors-such as investor sentiment or shifts in global capital flows-on capitalization rates, both in terms of measuring these effects, as well as incorporating them into theoretical models.
Notes:
1. As before, there are individually significant MSA's for each property types; see Appendix for details 2. The authors have run a battery of additional tests to confirm these dynamics. Specifically, we have run CUSUM tests with iteration start in 1998q1, which formally confirmed that there is a statistically significant downward trend in CUSUMS in recent years. Alternatively, the authors have utilized graphs of recursive (forecast errors) without summing them, along with +-2 standard errors bands. This helps pinpoint specific dates when prediction residuals were significantly different from zero (Dinardo and Johnston 1996) ; these confirmed the story told by CUSUMs. Both test results and related graphs are omitted for brevity.
3. Back-test forecasts start in 2002q4 for multifamily due to some issues with the averaged national series for multifamily around 2000.
4. The stock measure used in thousands of square feet in each market for the given property type. The weighting is dynamic in that for each time period t, that period's stock series is used across the cross section to produce the national cap rate value for this period t
APPENDIX

Modified CUSUM Test Statistic General Discussion
Here we explain in non-technical terms how the modified CUSUM test statistic works and also give reasons for the choice of this particular test over other structural change approaches available in the literature. The following subsection provides the mathematical details for the test.
Specifically, we use the panel version of the cumulative sums test, originally developed by Brown, Durbin, and Evans (1975) . The panel version of the test follows the Maskus (1983) approach. This method is also one of the approaches utilized in Han and Park (1989) . The objective of this test is to detect statistically significant changes in the model structure by using a test statistic, which is based on recursively estimated regression residuals from the model. After performing CUSUM tests, we further extend the analysis by plotting out the path of recursive model coefficients (as well as their standard error bands). This approach looks at what variables might be responsible for structural change, or whether it is a general factor external to the model (Dinardo and Johnston (1996) ).
It is important to note the reason for the use of CUSUM structural change test, and not of other tests available in the literature. There are three main attractions of the CUSUM approach. First, it does not require a specification of the source of structural change in the form of one of the variable coefficients or the constant, as would be the case in Chow structural break tests, as well as more sophisticated tests derived from that approach. Second, unlike most other tests (including Chow (1960) ), the CUSUM approach detects gradually-occurring continuous structural change. Most other tests assume a sharp adjustment in the structure preceded and followed by periods of stability in the model structure and simply will not detect the slow structural shifts. Finally, other testing approaches (for example Quandt's (1960) log-likelihood statistic, and other rolling time series tests as discussed in Hansen (2001)), do not have simulation-based critical values for the application of those tests in a panel regression setting. The work that has been done is confined to critical values for univariate time series analysis (see discussion of the Quandt statistic in Hansen (2001) ). The CUSUM method employed in the paper, on the other hand, has known statistical properties, which allow the calculation of significance bands.
Following Maskus (1983) , the essence of the CUSUM test is as follows (the mathematical details are included in the Appendix). The test is based on recursive estimation: the addition of a vector of cross-sectional observations for each period and the estimation of the baseline model (developed above) at each stage. The test starts at some minimal sample length-minimal time t-which allows for the estimation of the benchmark model, and then recursion proceeds with the addition of cross-sectional vectors until the model is estimated using the full sample.
At each stage in estimation, one-step-ahead prediction errors, called recursive residuals, are calculated as (see the Appendix for details):
where y t is a vector of N cross-sectional observations at time t, b t-1 is the vector of coefficients calculated using the complete sample from time 1 to t-1 (i.e. last period's information), X ta is the matrix of all observations on N cross-sectional units in period t, and W t is the calculated vector (of dimension N equal to the number of cross-sectional units) of recursive residuals.
Next, in each period t, elements of vector W t are averaged using a complex function, which generates a scalar value W j * for each period. These values W j * together, comprise a series called the standardized weighted averages of prediction errors, which goes from the beginning of recursion period to the end of the sample. This series is subsequently used in the calculation of the panel version of the CUSUM test statistic:
where s is the standard error of regression calculated using the full sample, and min is the minimal period needed (in terms of degrees of freedom) to estimate all parameters in the model. Hence, CUSUM, as the name implies, is the cumulative sum of the standardized weighted averages of prediction errors.
The sequence W min **, W min+1 **, …, W t ** is a sequence of approximately normal random variables with the same general statistical properties as in Brown, Durbin, and Evans (1975) . Specifically, E(W t ** ) = 0, and V(W t ** ) and C(W t **, W s ** ) are known functions of time and the number of parameters (see BDE for details). This implies that W t ** can be approximated by a continuous Gaussian process, and, therefore, we may place a pair of lines symmetrically above and below the zero line such that the probability that the CUSUM plot W t ** will cross either line at a desired level of significance.
The null hypothesis is no structural change, which is implied by E(W t ** ) = 0. A crossing of the lines as described above testifies to a statistically significant violation of the null hypothesis of no structural change (E(W t ** ) = 0), since the CUSUM of (weighted averaged and standardized) recursive prediction residuals (i.e. one-step-ahead prediction errors) diverge from their expectations in the post-change period. The direction of the change (positive or negative) can be inferred from whether the negative or positive significance band is crossed. By using such graphs of CUSUM against time, and placing these critical value lines under H 0 , it is possible to test for changes in model structure at various significance levels (Maskus 1983) .
In addition to CUSUMS, we graph these recursive residuals (forecast errors) without summing them, along with +-2 standard errors bands (Figure 3 ). This helps pinpoint specific dates when prediction residuals were significantly different from zero (Dinardo and Johnston 1996) ; these confirm the story told by CUSUMs.
Mathematical Details
This very closely follows Maskus (1983) . Consider the question of testing for time-related structural change in the parameters of a pooled cross-section and time-series model: 2, ... , N, t = 1, 2, ... , T (A2. 1) where at time t and for cross-sectional unit i, Y it is the observation on the dependent variable and X' it is the column vector of observations on K regressors. It is assumed that the regressors are independent of the error terms, that the error terms are normally and independently distributed with means zero and common variance σ 2 , and that it is permissible to examine the parameters for variation only over time, rather than both over time and among cross-sectional units. Thus, the testable hypotheses are
The CUSUM procedure mentioned above may be modified for pooled cross-section and timeseries data in the following way. Let the forecasts of the regression coefficients be annually updated by simultaneously adding all N observations from the successive cross-sections. The result is a vector of N recursive residuals at each step and we wish to specify meaningful summary statistics which incorporate information from all of them. If it is assumed that timerelated structural changes tend uniformly to be experienced across the cross-sectional units, then this residual vector will diverge from the zero vector in any post-change period.
Formally, let X ta denote the matrix of regressor observations from period t on the N crosssections, let y t denote the vector of observations on the dependent variable and let E t be the vector of disturbance terms. Then successively stack the observations over t years, beginning with the first year of analysis, so that, in general,
3) where 
Further, by the normality of the error vector, we may say that
Next, we may compute what shall be called the "standardized mean forecast residual"
where δ is an (N x 1) vector of parameters which serve to weight the cross-section residuals, and recognize that
Further, the standardized mean forecast residuals are mutually independent. Thus, the modified CUSUM statistic (equations (5) 
